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Abstract

Driven by the exponential growth of heterogeneous real-time data and the scalability demands of advanced fields
such as Intelligent Transportation Systems (ITS), contemporary database management is steadily shifting from
relational systems (RDBMS) toward NoSQL data stores. However, manual database migration remains a complex and
error-prone process due to the lack of a unified transformation framework. To address this gap, this paper proposes a
technology-agnostic, automated four-stage migration pipeline comprising relational metadata extraction,
workload-driven schema transformation based on query logs, parallelized bulk data transfer, and a self-correcting
verification loop. Each stage is formally conceptualized through detailed pseudocode, integrating schema-mapping,
query-mapping, and optional middleware techniques into a unified process. Developed within laboratory C4.1 of the
Center of Competence "Smart Mechatronic, Eco-and Energy-Saving Systems and Technologies", the primary
contribution of this work lies in synthesizing these distinct methodologies into a single, reproducible framework
applicable to document-oriented, column-family, and key-value targets, thereby establishing a solid baseline for future
Big Data and experimental evaluations.
Keywords: relational database, NoSQL, automated data migration, schema transformation,

MongoDB, big data.

1. INTRODUCTION
Over the last decade, the volume and variety
of data produced by web applications, social

NoSQL data stores emerged as an answer to
these limitations. Their less constrained data
structures, schema-on-read approach, and

networks, mobile devices, and IoT systems
have grown so rapidly that the relational model,
dominant since the 1970s, no longer represents
the most appropriate storage paradigm for
every application class. Relational database
management systems (RDBMS) were designed
around a rigid schema and the ACID
transactional properties, both of which become
difficult to maintain when the workload
requires unlimited horizontal scalability,
schema flexibility, and high availability across
geographically distributed nodes [1,2].

design for distribution allow them to manage
semi-structured and unstructured data more
efficiently than traditional RDBMS [1]. As a
consequence, an increasing number of
organizations face the practical problem of
migrating their existing relational databases to a
NoSQL data store, while preserving data
integrity and minimizing application-level
changes.

Manual migration, however, is a complex
and error-prone activity. The lack of a
universally  accepted, fully  automatic

Tosu 0okymenm e cv30aden 6 pamkume Ha Ilpoexkm Ne BGI16RFPR002-1.014-0005 [{enmvp 3a komnemeHmHoCm
"Hnmenuesenmnu mMexamponhu, eko- u enepeocnecmsgawu cucmemu u mexronozuu”, punancupan om Ilpoepama
., Hayunu uscneosanus, unosayuu u oueumanusayus 3a unmenueeHmua mparcgopmayus ™ 2021-2027 2.
(ITHUUTUT), cvghunancupana om Egponetickus cvio3 upe3 Esponetickust QooHO 3a pecuOHATHO pa3sumiue



CbcuHaHCcupaHo ot
EBponeickusa chH3

HsmeaHEETEIHA areHIIHA
,.IIporpama 3a o6pa3zoBaHHe"

MPOrPAMA

L HAYYHU U3CTNEOBAHUA,
MHOBALIMKM U ONTMTANTU3ALIMA 3A
WHTENWIrEHTHA TPAHC®OPMALMWA

transformation process means that database
administrators must combine multiple ad hoc
techniques to map relational schemas to
document, column-family, or key-value
structures and to translate SQL queries into the
corresponding NoSQL query languages [3.,4].
Numerous partial solutions have been proposed
in the literature, ranging from schema-mapping
algorithms and middleware adapters to fully
automated migration frameworks [2, 4-8], but a
unified, technology-agnostic process tailored
for engineering laboratories remains an open
research topic.

The present paper, prepared within the
activities of laboratory C4.1 of the Center of
Competence "Smart Mechatronic, Eco-and
Energy-Saving Systems and Technologies",
addresses this gap by proposing an automated
migration process from an RDBMS to a
NoSQL database. The main objectives are: (i)
to summarise the main approaches reported in
the literature; (ii) to identify their strengths and
limitations; and (iii) to integrate them into a
single, reproducible four-stage process,
formalized through pseudocode, that can be
used as a baseline for further experimental
work in the laboratory. The main limitation of
the present study is that it focuses on the
methodological side of the migration: a full
quantitative experimental evaluation is left for
future work.

2. BACKGROUND
2.1. Relational vs. NoSQL data models

An RDBMS stores data in two-dimensional
tables connected by primary and foreign keys,
enforces strong typing, and provides
transactional guarantees through the ACID
properties (Atomicity, Consistency, Isolation,
Durability). SQL is used both for schema
definition and for data manipulation. While
very mature and well understood, this paradigm
becomes a bottleneck when data sizes reach the
petabyte scale and latency-sensitive
applications must scale horizontally across
many nodes [1,2].

NoSQL is a broad term for a family of
non-relational data stores that follow the BASE
properties (Basically Available, Soft state,
Eventually consistent). They are commonly
classified in four categories:

* key-value stores (e.g., Redis, DynamoDB),
in which data is stored as pairs of unique keys
and arbitrary values;

* document stores (e.g., MongoDB,
CouchDB), in  which  records are
semi-structured JSON or BSON documents;

* column-family stores (e.g., Apache
Cassandra, HBase), optimized for analytical
queries over very large data sets;

« graph  databases (e.g., Neo4j,
AllegroGraph), designed for highly connected
data.

Document-oriented stores, and in particular
MongoDB, are the most frequently chosen
target for relational-to-NoSQL migrations,
mainly because their nested document model
can naturally accommodate parent-child
relationships through embedding [2,5,6,8].

2.2. Motivation for database migration

The literature consistently identifies the
following reasons for migrating from an
RDBMS to a NoSQL data store: (i) the inability
of relational systems to scale beyond a single
high-end server without significant
performance degradation; (ii) the need to
manage semi-structured and unstructured
content (sensor readings, JSON payloads, log
files, multimedia metadata); (iii) the demand
for continuous availability in cloud-hosted
services; and (iv) the lower operating costs
offered by horizontally scalable clusters of
commodity nodes [1,2,8].

3. RELATED WORK

The  problem of automating the
relational-to-NoSQL  migration has been
investigated from several complementary
angles, summarised below.

3.1. Schema-mapping approaches

Abo Dabowsa et al. [6] describe a procedure
for converting a relational schema into a
document-oriented NoSQL cloud database,
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Fig. 1. Overall pipeline of the proposed automated migration process from RDBMS to NoSQOL.

with the resulting collections preserving the
integrity constraints of the source schema.
Ghotiya et al. [8] propose a "mid-model" that
captures both the structural characteristics of
the source data and the dominant query patterns
of the application, so that the destination is
organized to favor the most frequent access
paths.

An automated algorithm that couples
schema reconstruction with subsequent data
transformation to minimize manual intervention
during the migration from a relational to a
NoSQL store is presented in [5].

3.2. Middleware and framework-based
approaches

A NoSQLayer is introduced in [7], a
framework comprising a migration module that
transfers data from MySQL to MongoDB and a
mapping module that serves as a persistence
layer, translating application requests so that
the source code remains essentially unchanged.
Experiments reported by the authors show that
the overhead introduced by the additional layer
becomes negligible as the data volume
increases, making the solution particularly
attractive for web-scale applications.

3.3. Automatic schema transformation

An automatic SQL-to-NoSQL schema
transformation between MySQL and HBase is
described in [3]. Tables are converted into
column families, and the corresponding queries
are rewritten accordingly. The authors report

that, after denormalization, access performance
for content-management workloads improved
by at least 45%.

3.4. Programming-language-driven
transformation

Hasan and Bakar [1] describe a
data-transformation pipeline from SQL to
MongoDB built on top of the R programming
language. The approach exploits R's
data-manipulation  primitives to  convert
relational records into corresponding document
representations, making it especially convenient
for analysts already working in a statistical
computing environment.

3.5. End-to-end automated tools

DLoader, an end-to-end approach that
transforms data from MySQL into -either
Cassandra (column-family) or MongoDB
(document-oriented), is proposed in [2]. Their
experiments suggest that, for many workloads,
Cassandra requires less storage space and offers
higher query performance after the migration,
while MongoDB provides more natural support
for nested entities. Yangui et al. [4] add a
comparative study of automatic transformation
rules from data-warehouse schemas to NoSQL
targets, highlighting the trade-offs between
target families.

4. PROPOSED AUTOMATED
MIGRATION PROCESS
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Building on the techniques reviewed in
Section 3, we propose a four-stage automated
process for migrating from an RDBMS to a
NoSQL data store. The process is
technology-agnostic on the target side: it
specializes n document-oriented,
column-family, or key-value stores. Figure 1
summarises the overall pipeline, while Sections
4 formalize each stage in pseudocode.

4.1. Stage 1: Extraction of relational
metadata

The first stage queries the source RDBMS's
information schema and reconstructs the
Entity-Relationship (ER) diagram, including
tables, attributes, primary and foreign keys,
indexes, and existing constraints. This step is
fully automated and serves as an input for all
subsequent stages. The output is an internal
representation S of the source schema,
comparable in spirit to the
schema-reconstruction step described by Abo
Dabowsa et al. [6]. Algorithm 1 summarises the
procedure.

Algorithm 1. Extract relational metadata

Input : connection C to source RDBMS
Output : schema S = (T, A, PK, FK, IDX, G)
1. T <- query INFO_SCHEMA.TABLES(C)
2. A <- {}; PK<-{}

3. FK <- {}; 1IDX <- {}

4. for each table t in T do

5. Alt] <- columns + types of t
6. PK[t] <- primary key cols of t
7. FK[t] <- foreign keys of t

8. IDX[t] <- secondary indexes

9. end for

10. build ER graph G from (T,PK,FK)
11. return S = (T,A,PK,FK,IDX,G)

4.2. Stage 2: Workload-driven schema
transformation

Following Ghotiya et al. [8], the destination
schema is not derived solely from the source
structure; the application's dominant query
patterns are also taken into account. The
procedure analyses the query log Q to assign a
weight w(e) to every edge e of the ER graph,
classifies the cardinalities of the source

relationships, and applies three transformation
rules:

1) one-to-one relationships are converted

into embedded sub-documents (for document
targets) or into additional columns within the

same

column family (for column-family

targets);

2) one-to-many relationships are converted

into embedded arrays when the cardinality is
bounded and into references otherwise;

3) many-to-many relationships are converted

either into two-way references or into a
dedicated linking collection, depending on
whether the typical query traverses the relation
in both directions.

When the target is a key-value store, a

canonical row-to-pair mapping is used as a
fallback, in line with the automated algorithm

proposed by Mahmood [5].

Algorithm 2

formalizes the procedure.

Algorithm 2. Workload-driven schema

transformation

Input : source schema S, query log Q,
target family F in {DOC,COL,KV}

Output : target schema S'

1. W <- analyse_query_log(Q, S)

2. R <- classify_rel(S) // 1:1,1:N,N:N

3. S' <- {}

4. for each table t in S.T do

5. e <- new_entity(t)

6. for each (t,u,card) in R do

7. if card = '"1:1' then

8. embed(e, u, F)

9. else if card = '"1:N' then

10. if bounded(u) and W[(t,u)] high

11. then embed_array(e, u, F)

12. else reference(e, u, F)

13. else // N:N

14. if bidirectional(W,t,u)

15. then two_way_ref(e, u, F)

16. else link_collection(e, u, F)

17. end for

18. if F = KV then e <- canonical_kv(e)

19. S'.add(e)

20. end for

21. return S'

4.3. Stage 3: Data mapping and bulk transfer

Once the destination schema S' is fixed, the

third stage performs the actual data transfer. To
handle large volumes, data is transferred in
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batches of size B, and transfers are parallelized
whenever the target supports concurrent writes.
Following the architecture of NoSQLayer [7], a
persistence layer P can be inserted between the
application and the new database, so that legacy
SQL queries are translated on the fly into the
corresponding NoSQL operations until the
application code is refactored.

Algorithm 3. Data mapping and bulk transfer

Input : S, S', batch size B, useP flag
Output : populated NoSQL store N

1. open connection N

2. for each e in S' in topo. order do
3 src <- origin_tables(e, S)

4. offset <- 0@

5. repeat

6 rows <- read_batch(src,offset,B)
7 docs <- map(rows, e, S')

8 parallel for d in docs do

9. N.insert(e.collection, d)

10. end parallel for

11. offset <- offset + B

12. until rows = empty

13. end for

14. if useP then deploy_layer(P,S,S')
15. return N

4.4. Stage 4: Verification and consistency
check

The last stage performs three checks: (i)
referential integrity is verified by replaying the
foreign-key constraints on the destination data;
(il) row counts are compared between source
and target; and (ii1) a sample of representative
queries is executed on both systems, and the
results are compared. Any discrepancy triggers
a partial re-transfer of the affected entities,
closing the feedback loop shown in Figure 1.

Algorithm 4. Verification and consistency
check

Input : S, N, sample queries QS
Output : V in {OK, REPAIRED, FAIL}
1. iter <- 0

2. repeat

3. marked <- {}

4. for each e in S' do

5. if count(e,N) != count(orig(e),S)
6. then marked.add(e)

7. end for

8. for each fk in S.FK do

9. if not replay_fk(fk, N) then
10. marked.add(target_of(fk))

11. end for

12. for each g in QS do

13. if exec(q,S) != exec(map(q),N)
14. then marked.add(entities(q))
15. end for

16. if marked = empty then return OK
17. retransfer(marked, S, N)

18. iter <- iter + 1

19. until iter > MAX_ITER

20. return FAIL

5. DISCUSSION

Several recurring observations emerge from
comparing the reviewed approaches with the
proposed process. First, no single migration
recipe fits all NoSQL families: document stores
favor denormalization through embedding,
column-family stores require careful design of
the row key, and key-value stores impose the
strongest constraints on the access patterns
[1,2,5]. Second, taking the application
workload into account is consistently reported
as the single most effective factor in obtaining a
destination schema that is not just correct but
also efficient [2,8]. Third, intermediate
middleware layers reduce the cost of
application refactoring at the expense of
additional runtime overhead, which is
acceptable only for large data volumes [4,7].

The proposed process incorporates these
three lessons. By keeping the workload analysis
as a first-class input of Algorithm 2 and by
leaving the use of a middleware layer optional
in Algorithm 3, the process can be specialized
either for a fully offline migration (with
maximum freedom to optimize the destination
schema) or for a phased online migration (with
minimal disruption to the running application).
The verification loop in Algorithm 4 finally
guarantees that the migration is rolled back to a
consistent state whenever discrepancies are
detected.

6. CONCLUSION

This paper has presented a four-stage
automated process for migrating data from a
relational database management system to a
NoSQL data  synthesizing  techniques
previously proposed in isolation in the
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literature. Each stage 1is formalized in
pseudocode (Algorithms 1-4) so that the
process can be implemented reproducibly. The
originality of the contribution lies not in any
individual stage but in the integration of

schema extraction, workload-driven
transformation, data transfer, and
post-migration verification into a single,

technology-agnostic pipeline that can serve as a
methodological baseline for laboratory C4.1 of
the Center of Competence.

Future work will focus on three directions:
(i) a prototype implementation of Algorithms
1-4, (ii) experimental evaluation on
representative datasets, comparing the schemas
produced by the process against those obtained
by purely structural transformations, and (iii)
the extension of the process to graph databases,
which are increasingly relevant for highly
connected mechatronic and energy data.

Furthermore, the proposed automated
migration framework has significant potential
for both scientific and practical applications in

Intelligent Transportation Systems (ITS).
Modern ITS generates huge volumes of
heterogeneous real-time data — from GPS

telemetry and traffic sensor streams to critical
V2X (Vehicle-to-Everything) communications.
Efficient management of these dynamic streams
requires a smooth transition from traditional
relational databases to highly scalable NoSQL
repositories. Implementing our four-stage
pipeline in such systems would enable
automated, error-free transformation of legacy
infrastructure, providing the flexibility and low
latency needed for Big Data processing in the
transportation sector, a promising direction for
future applied research.
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